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Abstract. Multi-hazard events can be associated with larger socio-economic impacts than single-hazard events.
Understanding the spatio-temporal interactions that characterize the former is therefore of relevance to dis-
aster risk reduction measures. Here, we consider two high-impact hazards, namely wet and dry hydrological
extremes, and quantify their global co-occurrence. We define these using the monthly self-calibrated Palmer
Drought Severity Index based on the Penman–Monteith model (sc_PDSI_pm), covering the period 1950–2014,
at 2.5◦ horizontal resolution. We find that the land areas affected by extreme wet, dry, and wet–dry events (i.e.
geographically remote yet temporally co-occurring wet or dry extremes) are all increasing with time, the trends
of which in dry and wet–dry episodes are significant (p value 0.01). The most geographically widespread
wet–dry event was associated with the strong La Niña in 2010. This caused wet–dry anomalies across a land
area of 21 million km2 with documented high-impact flooding and drought episodes spanning diverse regions.
To further elucidate the interplay of wet and dry extremes at a grid cell scale, we introduce two new metrics: the
wet–dry (WD) ratio and the extreme transition (ET) time intervals. The WD ratio measures the relative occur-
rence of wet or dry extremes, whereas ET quantifies the average separation time of hydrological extremes with
opposite signs. The WD ratio shows that the incidence of wet extremes dominates over dry extremes in the USA,
northern and southern South America, northern Europe, north Africa, western China, and most of Australia.
Conversely, dry extremes are more prominent in most of the remaining regions. The median ET for wet to dry is
∼ 27 months, while the dry-to-wet median ET is 21 months. We also evaluate correlations between wet–dry hy-
drological extremes and leading modes of climate variability, namely the El Niño–Southern Oscillation (ENSO),
Pacific Decadal Oscillation (PDO), and Atlantic Multi-decadal Oscillation (AMO). We find that ENSO and PDO
have a similar influence globally, with the former significantly impacting (p value< 0.05) a larger area (18.1 %
of total sc_PDSI_pm area) compared to the latter (12.0 %), whereas the AMO shows an almost inverse pattern
and significantly impacts the largest area overall (18.9 %). ENSO and PDO show the most significant correla-
tions over northern South America, the central and western USA, the Middle East, eastern Russia, and eastern
Australia. On the other hand, the AMO shows significant associations over Mexico, Brazil, central Africa, the
Arabian Peninsula, China, and eastern Russia. Our analysis brings new insights on hydrological multi-hazards
that are of relevance to governments and organizations with globally distributed interests. Specifically, the multi-
hazard maps may be used to evaluate worst-case disaster scenarios considering the potential co-occurrence of
wet and dry hydrological extremes.
Published by Copernicus Publications on behalf of the European Geosciences Union.
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1 Introduction
Natural hazards can interact in diverse ways, leading to
multi-hazard events that can exacerbate disaster losses when
compared to single-hazard occurrences (Zscheischler et al.,
2018). Examples of multi-hazards are the co-occurrence of
heavy precipitation or flooding with wind damage from ex-
tratropical cyclones (De Luca et al., 2017, 2020; Waliser and
Guan, 2017), storm surge combined with fluvial flooding in
deltas (Ward et al., 2018), flood episodes along with droughts
(Collet et al., 2018), and landslides triggered by earthquakes
(Kargel et al., 2016). Such combinations can lead to situa-
tions beyond the worst-case scenario planned by emergency
managers, (re)insurance companies, businesses, and govern-
ments and thus present a critical challenge for disaster risk
reduction (Zscheischler et al., 2018). The relevance of multi-
hazards has been recognized by scientific and stakeholder
communities, and both have devoted significant efforts to the
topic over the past decade (e.g. Forzieri et al., 2016; Gal-
lina et al., 2016; Gill and Malamud, 2014; Kappes et al.,
2012; Terzi et al., 2019; Zscheischler et al., 2018). Indeed,
the United Nations Sendai Framework for Disaster Risk Re-
duction (UNISDR, 2015) now advocates multi-hazard ap-
proaches to disaster risk reduction.
Analysis of multi-hazards is highly relevant given anthro-
pogenic climate change. Events such as floods and droughts
already have significant humanitarian and socio-economic
impacts (Alfieri et al., 2016; Barredo, 2007; Di Baldassarre
et al., 2010; Jonkman, 2005; Naumann et al., 2015; Van Loon
et al., 2016; Zhang et al., 2011) and are expected to be-
come more frequent and/or severe in the future (Arnell and
Gosling, 2016; Dai, 2011a, 2012; Hirabayashi et al., 2013;
Hirsch and Archfield, 2015; IPCC, 2012; Milly et al., 2002),
albeit with a large degree of uncertainty (e.g. Orlowsky and
Seneviratne, 2013). Numerous studies have investigated the
combination of flood and drought events or, more gener-
ally, wet and dry hydrological extremes at local and regional
scales for both present and future climates (e.g. Berton et
al., 2017; Collet et al., 2018; Deangelis et al., 1984; Di Bal-
dassarre et al., 2017; Gil-Guirado et al., 2016; Oni et al.,
2016; Parry et al., 2013; Pechlivanidis et al., 2017; Quesada-
Montano et al., 2018; Yan et al., 2013; Yoon et al., 2018).
Examples include the analysis of abrupt drought–flood tran-
sitions in river basins in China (Yan et al., 2013) and in Eng-
land and Wales (Parry et al., 2013). There is also the dynam-
ical interplay between society and hydrological extremes, in-
tended as the mutual influence of human activities on floods
and droughts (Di Baldassarre et al., 2017), and indices as-
sessing the long-term evolution of vulnerability and adapta-
tion to these hazards (Gil-Guirado et al., 2016). Other studies
consider wet–dry interactions from a statistical perspective
(Collet et al., 2018) or have related these two independent
hazards to large-scale modes of climate variability (Cai and
Rensch, 2012; Lee et al., 2018; Nobre et al., 2017; Siegert et
al., 2001; Ward et al., 2014; Yoon et al., 2018).
Quantifying wet and dry (also extreme) hydrological
events at both regional and global scales is a non-trivial task.
Some commonly used metrics include the Palmer Drought
Severity Index (PDSI) (Dai et al., 2004; Palmer, 1965), the
Standardized Precipitation Index (SPI) (McKee et al., 1993,
1995), and the Standardized Precipitation Evapotranspiration
Index (SPEI) (Vicente-Serrano et al., 2010). For instance, the
PDSI was used to evaluate the combined effect of the Pacific
Decadal Oscillation (PDO) and El Niño–Southern Oscilla-
tion (ENSO) on global wet and dry changes over land, show-
ing that when these two modes are in phase (e.g. El Niño–
warm PDO) wet and dry events are amplified (Wang et al.,
2014). The PDSI and SPEI have also been used to quantify
wet and dry trends over China, with generally good agree-
ment between the two (Chen et al., 2017). At the global scale,
the SPI and SPEI were used to explore wet and dry links with
ENSO, PDO, and the North Atlantic Oscillation (NAO) (Sun
et al., 2016). The study found that ENSO has the greatest
spatial impact for wet and dry changes, followed by the PDO
with an effect in North America and eastern Russia as well
as the NAO with an affect on Europe and northern Africa.
The SPI has also been used in a global multi-model ensemble
analysis of future projections in pluvial and drought events
(Martin, 2018). This revealed that more severe pluvial events
are expected in regions that are already wet, and the same
applies for more severe droughts in dry areas, although the
overall “wet gets wetter, dry gets drier” paradigm may have
some limitations, since when the paradigm is applied over
land it does not hold as expected because of changes in atmo-
spheric circulation, horizontal gradients of temperature, and
relative humidity (e.g. Byrne and O’Gorman, 2015; Yang et
al., 2018).
In this study, we adopt a relatively broad definition of
multi-hazard events, i.e. the temporal (yet spatially separate)
co-occurrence of wet and dry hydrological extremes at the
global scale, quantified following De Luca et al. (2017). We
emphasize that the term “hydrological extreme” does not
necessarily imply observed flooding or drought events un-
less explicitly mentioned, and we always make use of this
term when referring to the sequential occurrence of extremes
with opposite sign (i.e. wet and dry). The relevance of both
types of multi-hazards is evident. Stakeholders with geo-
graphically diverse portfolios, such as governments, inter-
national bodies, relief agencies, non-governmental organiza-
tions (NGOs), financial markets, and (re)insurance compa-
nies, could all benefit from a robust statistical understand-
ing of the co-occurrence of natural hazards. Many also need
to manage risks from the occurrence of damaging events in
rapid succession, whose compound impacts may exceed the
sum of expected impacts from isolated wet and dry extremes.
Similarly, estimates of the range of times that intervene be-
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tween the two different extremes can inform disaster pre-
paredness and prevention measures. Finally, the growth of
national economies that depend heavily on agricultural out-
puts and other natural resources such as hydropower can be
impacted by sequential hydrological extremes (Zampieri et
al., 2017; Zhang et al., 2015).
Notwithstanding their socio-economic relevance, concur-
rent wet and dry hydrological extreme events at the global
scale have seldom been addressed in the literature. One early
study did consider combinations of wet and dry extremes
via observed PDSI for two thresholds (wet, PDSI> 3 and
dry, PDSI<−3) (Dai et al., 2004). This showed that the
total global land area (60◦ S–75◦ N) impacted by wet–dry
extremes increased between 1950 and 2002, with marked
changes occurring from the early 1970s and surface warming
being identified as the driver of these changes after the mid-
1980s. We extend this analysis by (i) using an updated time
series (1950–2014); (ii) introducing new metrics for assess-
ing concurrent wet–dry extremes; (iii) presenting findings
at monthly and annual resolution; and above all (iv) defin-
ing the most geographically widespread multi-hazard events
occurring within each month, instead of simply consider-
ing extreme observations with PDSI> 3 and PDSI<−3.
We explore these multi-hazard properties using the monthly
self-calibrated PDSI dataset based on the Penman–Monteith
model (sc_PDSI_pm) (Dai, 2017; Sheffield et al., 2012). We
specifically address the following questions.
i. To what extent has the global area impacted by wet, dry,
and concurrent wet–dry hydrological extreme events
changed?
ii. What were the most geographically widespread extreme
wet, dry, and concurrent wet–dry events? And what is
the associated documentary evidence of extreme condi-
tions during these periods?
iii. How comparatively frequent were wet or dry extremes
in the past?
iv. What is the most likely time interval between opposite
extremes at a given location?
v. How are wet and dry hydrological extremes linked with
dominant modes of climate variability?
2 Data and methods
2.1 Data
We used the self-calibrated monthly mean Palmer Drought
Severity Index based on the Penman–Monteith model
(sc_PDSI_pm) (Dai, 2017; Sheffield et al., 2012) for the
1950–2014 period at 2.5◦ horizontal resolution (freely
available https://rda.ucar.edu/datasets/ds299.0/, last access:
6 March 2020). Self-calibration enables a more consis-
tent comparison between different climatic regions, and
the Penman–Monteith model outperforms the original PDSI
Thornthwaite algorithm (Wells et al., 2004) in represent-
ing potential evaporation at the global scale (Sheffield
et al., 2012). From this dataset, we obtain extreme wet
and dry monthly observed events by conditioning the data
on sc_PDSI_pm≥ 3 and sc_PDSI_pm≤−3, respectively.
These two thresholds specify very moist spells and severe
droughts. Only grid cells with time series having ≥ 95 % of
observations over the period of interest are considered. We
acknowledge that the sc_PDSI_pm 2.5◦ horizontal resolution
is relatively coarse, and hence highly localized processes,
such as convective precipitation in the tropics and mid-
latitudes (in summer), may not be well represented. How-
ever, we assert that the sc_PDSI_pm is adequate since our
analysis is global and intended to provide a broad overview
of concurrent wet and dry extremes.
We further analyse three climate modes of variability
known to affect regional and global precipitation patterns:
the Niño3.4 (Rayner et al., 2003; Trenberth, 1997), PDO
(Mantua and Hare, 2002), and Atlantic Multi-decadal Oscil-
lation (AMO) (Schlesinger and Ramankutty, 1994). All these
climate indices are at monthly time resolution from 1950
to 2014, as issued by the National Oceanic and Atmospheric
Administration (NOAA).
2.2 Methods for identifying extreme wet, dry, neutral,
and wet–dry events
First, we calculate the percentage of total land area (km2),
derived from our sc_PDSI_pm dataset impacted by the most
widespread monthly extreme wet (sc_PDSI_pm≥ 3) and dry
(sc_PDSI_pm≤−3) hydrological events, along with neu-
tral (−3< sc_PDSI_pm< 3) and extreme wet plus extreme
dry events within the period 1950–2014. Monthly extreme
wet events were calculated following De Luca et al. (2017)
by (i) computing the wet annual maxima (AMAX), i.e. the
highest monthly sc_PDSI_pm observations within each cal-
endar year at each grid cell, provided that they satisfy
sc_PDSI_pm≥ 3; (ii) counting the number of wet AMAX
observations occurring on the same date from all the grid
cells (e.g. in December 2010 a total of 217 grid cells reported
a wet AMAX); and (iii) taking the extreme wet event with
the most geographically widespread impacts, i.e. largest im-
pacted area, during 1950–2014. Within all the calculations
of the impacted area we considered the difference in the area
size of grid cells at different latitudes. Therefore, we com-
puted the exact grid cell area using the gridarea function of
the Climate Data Operators (CDO) software (freely available
https://code.mpimet.mpg.de/, last access: 6 March 2020).
Extreme dry events were calculated in a similar way
as extreme wet events except that in place of AMAX
the sc_PDSI_pm annual minima (AMIN), i.e. the low-
est monthly sc_PDSI_pm observations within each year,
were used to compute the extreme events, provided that
they satisfied sc_PDSI_pm≤−3. Neutral events were iden-
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tified as follows: (i) extract the sc_PDSI_pm AMAX of
(non-extreme) wet events (0≤ sc_PDSI_pm< 3); (ii) ex-
tract the sc_PDSI_pm AMIN for (non-extreme) dry events
(−3< sc_PDSI_pm< 0); (iii) pool within the same dataset
both (non-extreme) wet AMAX and dry AMIN events by
month; (iv) compute the most widespread neutral events
by month as per above. Lastly, concurrent extreme wet–dry
events were calculated by summing their individual areas for
each month. A Mann–Kendall test (Kendall, 1975; Mann,
1945) was performed to assess any significant trends within
each time series. Relative Sen’s slopes (Sen, 1968) with p
values were also computed.
Second, to establish whether the most widespread extreme
wet, dry, and wet–dry events were solely due to chance,
a bootstrapping analysis of n= 10000 samples was per-
formed using the original sc_PDSI_pm dataset. The boot-
strapping steps were as follows: (i) prepare the complete
global (i.e. all grid cells) sc_PDSI_pm dataset from 1950
to 2014; (ii) sample from all grid cells together, with replace-
ment, the sc_PDSI_pm values n= 10000 times from this
global dataset; (iii) calculate n= 10000 wet and n= 10000
dry events with the same algorithm used above for the origi-
nal dataset; (iv) take the impacted area of the most geograph-
ically widespread wet and dry extreme events for each sam-
ple; (v) calculate the 2.5th and 97.5th percentiles of the ex-
treme wet and dry event area. Statistical significance was as-
sessed by checking whether the observed extreme wet and
dry percentage (%) of total impacted areas fell outside the
2.5th and 97.5th percentiles of the bootstrapped events. If
this was the case, the observations were considered statis-
tically significant at the 5 % level (p value< 0.05).
Lastly, to test whether the sc_PDSI_pm values obtained
during the most widespread wet, dry, and wet–dry events
were spatially autocorrelated we computed the Moran’s I
correlation coefficients (Li et al., 2007; Moran, 1950)
using the geosphere_v1.5–10 and ape_v5.3 R packages.
The Moran’s I correlation coefficient can have values be-
tween −1 and 1. When I > 0 it indicates the existence of
clustering between similar values; when I < 0 it indicates
clustering between dissimilar values, and when I = 0 the val-
ues are randomly distributed in space. Statistical significance
was assessed under the null hypothesis that there is no spatial
autocorrelation between values. Moran’s I was computed for
the most widespread wet, dry, and wet plus dry hydrological
extremes.
2.3 Wet–dry metrics
The wet–dry (WD) ratio is derived on a cell-by-cell basis by
taking the natural logarithm of the total number of extreme
wet observations (months with sc_PDSI_pm≥ 3) divided by
the total number of extreme dry observations (months with
sc_PDSI_pm≤−3) over the 1950–2014 period:
WD ratioh = ln
(
ni,h
nj,h
)
, (1)
where h refers to a single grid cell, and ni and nj are the total
number of wet and dry extremes, respectively. The WD ratio
gives information about the propensity of a given area to be
more affected by wet or dry extremes. Thus, a WD ratio> 0
signifies that wet extremes outnumber dry extremes, and a
WD ratio< 0 indicates a predominance of dry extremes over
wet ones. The natural logarithm was used to narrow the range
of WD ratio values and to separate the wet-dominated versus
dry-dominated regions by sign. As a caveat, we note that the
WD ratio does not account for the different intensities of wet
and dry extremes.
Wet-to-dry and dry-to-wet transitions, here named ex-
treme transitions (ETs), were assessed for each grid cell
by computing the average time interval (months) between
these extremes within the 1950–2014 period. More specif-
ically, ET for wet to dry was derived as follows for
each grid cell: (i) extract both wet (sc_PDSI_pm≥ 3) and
dry (sc_PDSI_pm≤−3) extreme observations from the en-
tire (1950–2014) sc_PDSI_pm dataset; (ii) order extreme ob-
servations by time, from oldest to the most recent; (iii) retain
only the earliest extreme observation in the case of consec-
utive extreme dry observations and the latest in the case of
consecutive wet observations; (iv) calculate the time interval
(monthly difference) between wet and dry extreme observa-
tions within the time series; and (v) take the average of the
time interval. The same algorithm was applied for calculat-
ing ET from dry to wet for each grid cell, with the only differ-
ence being in step (iii) in which the earliest wet and latest dry
extreme observations were kept and in step (iv) in which the
time interval was calculated between dry-to-wet transitions.
2.4 Correlation with climate indices
Associations between extreme wet–dry hydrological ex-
tremes and the three modes of climate variability (Niño3.4,
PDO, and AMO) were assessed using the Spearman’s rank
correlation test (Corder and Foreman, 2014). Specifically,
the correlations were performed for each grid cell only for
monthly wet and dry extreme observations (sc_PDSI_pm≥ 3
and sc_PDSI_pm≤−3) within the 1950–2014 period, paired
with the corresponding monthly values of Niño3.4, PDO, and
AMO. The Spearman’s test does not require data to be nor-
mally distributed, making it well suited to the analysis of ex-
treme PDSI values. Since the number of correlation tests per-
formed is large (> 2700) there is a risk of incurring statisti-
cally significant results simply by chance. Thus, to account
for Type I errors (or “false positives”) the Bonferroni correc-
tion (Bonferroni, 1936; Sedgwick, 2014) was applied to all
p values.
Finally, since Niño3.4 may interact with other modes of
climate variability, we removed this signal when correlat-
ing the PDO and AMO with sc_PDSI_pm extreme wet and
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dry observations by performing partial correlations with the
R package ppcor_v1.1. Partial correlations represent the re-
lationship between two random variables after removing the
effect of one or more other random variables. Here, the par-
tial correlation between two variables, xi (e.g. PDO) and xj
(e.g. sc_PDSI_pm), given a third variable xk (e.g. Niño3.4)
is defined as follows (Kim, 2015; Whittaker, 2009):
rij |k = rij − rikrjk√
1− r2ik
√
1− r2jk
, (2)
where r is the new Spearman’s rank partial correlation coeffi-
cient. As a limitation of this approach, we note that our corre-
lations with modes of climate variability do not strictly focus
on concurrent wet–dry hydrological extremes. Therefore, our
results, although in agreement with extreme wet–dry spatial
patterns, do not entirely explain these multi-hazard events.
3 Results
3.1 Land area impacted by extreme wet, dry, neutral,
and wet–dry events
The percentage (%) of total global land area impacted
by the most widespread extreme wet, dry, and neutral
events is shown in Fig. 1 at both monthly and annual
resolutions from 1950 to 2014. For extreme wet events
(sc_PDSI_pm≥ 3) the average monthly impacted area over
the 65-year period is 2.2 % (Fig. 1a). The most widespread
wet event occurred in December 2010 (7.8 %; discussed in
Sect. 3.2). The Mann–Kendall test indicates positive, though
non-significant, trends at both monthly and annual scales
(Fig. 1a and b). The non-significant observed growth in
extreme wet area is contrary to previous research, show-
ing a significant decline in (very) wet land areas (Dai,
2011b; Dai et al., 2004). However, varying the sc_PDSI_pm
threshold used to define the extremes points to the sen-
sitivity of the results to this choice. Indeed, at monthly
resolution, when using sc_PDSI_pm≥ 2 the wet land area
decreases significantly (Sen’s slope=−5.4× 10−4 and p
value< 0.01; not shown), while when using a higher thresh-
old of sc_PDSI_pm≥ 4, the wet land area increases signif-
icantly (Sen’s slope= 4.9× 10−4 and p value 0.01; not
shown).
For extreme dry events (sc_PDSI_pm≤−3) the average
impacted area at monthly resolution is 2.4 %, and the largest
1-month event occurred in January 2003 (8.6 %; Fig. 1c
and discussed in Sect. 3.2). In this case, the Mann–Kendall
test indicates a positive and statistically significant trend
(Sen’s slope= 1.7× 10−3 and p value 0.01). This signi-
fies that the total area subject to severe drought increased be-
tween 1950 and 2014. The trend observed at monthly res-
olution is stronger and more evident from the beginning
of the 1980s when aggregating data over annual timescales
(Fig. 1d; Sen’s slope= 2.7×10−1 and p value 0.01). This
result agrees with previous studies showing a global increase
in drought risk, attributed to anthropogenic climate change,
in both observations and climate model simulations (Dai,
2011a, 2012; Dai et al., 2004; Marvel et al., 2019). Such
changes in drought are linked to anomalies in tropical sea
surface temperatures (SSTs) and driven by both El Niño and
La Niña phases, along with increased surface warming from
the 1980s.
The neutral events (−3< sc_PDSI_pm< 3) affected on
average 13.6 % of the global land area over the 1950–
2014 period, with the largest reaching 30.4 % (Fig. 1e,
monthly resolution). The Mann–Kendall test shows a neg-
ative and significant trend (Sen’s slope=−1.9× 10−3, p
value 0.01), once again stronger and more evident at an-
nual timescales (Fig. 1f; Sen’s slope=−3.2× 10−1 and p
value 0.01). Such a reduction in the area under neutral
conditions is consistent with the observed increasing trend
of both extreme wet and dry events. The neutral events
show strong seasonality, with peaks of impacted area occur-
ring during December. The fact that 73.4 % of the global
sc_PDSI_pm land area is in the Northern Hemisphere may
introduce a bias in the temporal distribution of the extreme
and neutral events. For example, boreal and austral winters
over the Northern and Southern Hemisphere mid-latitudes
are typically wetter than their respective summers. The larger
land area in the Northern Hemisphere means there is a greater
chance that more wet events are observed during boreal win-
tertime (December to February) than during austral winter-
time (June to August), thereby driving the peaks in seasonal-
ity in Fig. 1.
Finally, the area with 1-month concurrent wet–dry hy-
drological extreme events (Fig. 1g) shows an increasing
and statistically significant trend (Sen’s slope= 1.08× 10−3
and p value 0.01), consistent with shorter records (Dai et
al., 2004). The mean monthly total global land area with
concurrent wet–dry extreme events is 4.6 %, and the most
widespread event impacted a total land area of 13.7 % (dis-
cussed in Sect. 3.2). As per dry and neutral events, annu-
ally aggregated data show a stronger trend (Fig. 1h; Sen’s
slope= 3.0× 10−1 and p value 0.01) and a greater in-
crease in the wet–dry impacted area from the 1980s.
3.2 Concurrent global flood and drought events
We next consider the single most extensive wet, wet–dry,
and dry events and show that they match reports of severe
flood and drought events. The most widespread global ex-
treme wet event was also the most widespread wet–dry event
and occurred in December 2010 (Fig. 2a). Recorded events
matching this occurrence include the devastating Queens-
land floods in Australia (BBC, 2010a; Smith et al., 2013;
Trenberth and Fasullo, 2012; Zhong et al., 2013), heavy
floods and landslides in south-east India which killed more
than 180 people (Reliefweb, 2010), widespread flooding
and landslides in Colombia and Venezuela causing about
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Figure 1. Percentage (%) of total land area with (a, b) wet (blue), (c, d) dry (red), (e, f) neutral (black), and (g, h) extreme wet+ extreme
dry (orange) events over the 1950–2014 period. Wet extreme events are computed from AMAX having sc_PDSI_pm≥ 3; dry extreme events
from AMIN having sc_PDSI_pm≤−3; neutral events from AMAX and AMIN having −3< sc_PDSI_pm< 3; and wet–dry extreme events
by summing the areas of (a, b) and (c, d). (a, c, e, g) The events at a monthly timescale and (b, d, f, h) the events aggregated and averaged
over annual periods. Sen’s slopes and the significance of the Mann–Kendall test (p values) are shown in each panel.
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Figure 2. (a) The most widespread extreme global wet hydrological event (blue colour) and coincident extreme dry areas (red colour),
December 2010. The event was also the most widespread concurrent wet–dry episode. The percentage (%) of total land area is shown for
both wet and dry extremes, along with the values of the three climate indices (i.e. Niño3.4, PDO, and AMO) in December 2010. Panel (b) is
as panel (a) but for the most widespread extreme global dry hydrological event, January 2003. Only sc_PDSI_pm≥ 3 and sc_PDSI_pm≤−3
values are plotted.
300 deaths and leaving thousands homeless (BBC, 2010b;
Telegraph, 2010; Trenberth and Fasullo, 2012), and flooding
affecting the north-western USA (NWRFC, 2010). We also
find anomalously wet conditions in central–eastern Europe
(Fig. 2a), although in this region no significant damage was
reported by the literature and the media. Such a widespread
wet event impacted 7.8 % of the total global land area. De-
cember 2010 was characterized by a very strong negative
Niño3.4 phase within the 2010–2012 La Niña event (Luo et
al., 2017). Moreover, the PDO and AMO were respectively
in their cold and positive phases. The same phases occurred
during November 2010 (not shown), and these antecedent
conditions may have contributed to the extreme wet and dry
events in the sc_PDSI_pm series (Lee et al., 2018). At the
same time, droughts were recorded in central Asia, Mada-
gascar, the Horn of Africa (BBC, 2011), South America, the
eastern USA (NOAA, 2011), and northern Canada, covering
a total of 5.9 % of land area. Both the extreme wet and dry
percentages (%) of land area impacted (Fig. 2a) are signifi-
cant at the 5 % level (p value< 0.05) according to our boot-
strapping procedure (see Sect. 2.2).
The most widespread extreme dry hydrological event oc-
curred during January 2003, with 8.6 % of total land area im-
pacted by drought and 3.8 % of land experiencing wet hy-
drological extremes and floods (Fig. 2b). During this event,
eastern Australia was the most affected region, with the worst
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Figure 3. Wet–dry (WD) ratio derived for every grid cell. Blue (WD ratio> 0) means that the area experienced more wet than dry hydrolog-
ical extremes. Red (WD ratio< 0) indicates the opposite.
drought in 20 years driven by an El Niño event that led to
severe dust storms and bushfires (Gabric et al., 2010; Hor-
ridge et al., 2005; Levinson and Waple, 2004; McAlpine et
al., 2007). This episode belongs to the so-called “millennium
drought” (Van Dijk et al., 2013), which affected Australia
between 2001 and 2009. Other regions experiencing severe
drought during January 2003 were north-east China, India
(Sinha et al., 2016), Scandinavia (Irannezhad et al., 2017),
western Africa, parts of Brazil, and a few scattered areas
in Mexico, the USA, Canada, Russia, and Indonesia. Jan-
uary 2003 was an El Niño month, with the Niño3.4 index be-
ing in a positive phase along with a warm PDO phase. On the
other hand, the AMO registered an almost neutral phase. As
for the December 2010 episode in Fig. 2a, such climate pat-
terns also occurred in the previous month (not shown). Mean-
while, other regions experienced wet hydrological extremes
and floods, such as south-east China, central Russia, Europe,
southern Great Britain (BBC, 2003; Marsh, 2004), Madagas-
car (Reliefweb, 2003), Argentina, Chile, and scattered parts
of Africa and Canada (DFO, 2008). As for Fig. 2a, the per-
centage of land area impacted by both extreme wet and dry
events during January 2003 (Fig. 2b) was significantly differ-
ent at the 5 % level (p value< 0.05) from the values expected
by chance.
Moran’s spatial correlation results are shown in Table 1.
Wet and dry extremes in December 2010 (Fig. 2a) show I =
0.24 (p value< 0.001). Positive, statistically significant I re-
sults are also obtained when considering wet and dry ex-
tremes individually (I = 0.04 for wet extremes and I = 0.25
for dry extremes, p value< 0.001). For the events occurring
during January 2003 (Fig. 2b) combined wet and dry ex-
tremes show I = 0.27 (p value< 0.001), and wet and dry
Table 1. Moran’s I correlation coefficients for wet and dry, wet,
and dry hydrological extremes as in Fig. 2a and b.
Event Extremes Moran’s Standard p value
I deviation
December 2010
wet and dry 0.240 0.007 < 0.001
wet 0.040 0.013 < 0.001
dry 0.253 0.044 < 0.001
January 2003
wet and dry 0.267 0.008 < 0.001
wet 0.065 0.022 < 0.001
dry 0.262 0.032 < 0.001
extremes computed individually respectively have I = 0.07
and I = 0.26 (p values< 0.001). In other words, wet and dry
hydrological extremes as both concurrent and independent
hazards tend to occur in regions close to each other, with wet
and dry as well as dry extremes showing greater levels of
clustering (or I ) values (Table 1). This reflects strong spatial
coherence between wet and dry extremes such that a location
neighbouring one experiencing drought is more likely to be
very dry than very wet (Hannaford et al., 2011).
3.3 Wet–dry (WD) ratio
The WD ratio highlights the 65-year propensity for more or
less wet or dry hydrological extremes on a cell-by-cell ba-
sis (Fig. 3). Hotspots for extreme wet propensity emerge in
the USA, northern Mexico, Colombia, Venezuela, Argentina,
Bolivia, Paraguay, northern Europe, North Africa, western
China, and western and central Australia. On the other hand,
regions with higher frequencies of extreme dry events are
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found in Canada, central South America, central and south-
ern Europe and Africa, eastern China, and south-eastern Aus-
tralia. Other regions, such as Russia, display mixed patterns.
These WD ratio patterns agree with global trends in drought
over the period 1950–2010, identified using the sc_PDSI_pm
dataset (Dai, 2012).
3.4 Extreme transitions (ETs)
In Fig. 4a we show the average time intervals (months) of
extreme transitions (ETs) from wet-to-dry and dry-to-wet ex-
tremes during the period 1950–2014 plotted against the per-
centage of total global land area affected. The ET from wet to
dry (blue curve) exhibits a modal value of 22 months, asso-
ciated with 4.3 % of the total global land area. On the other
hand, ET from dry to wet (red curve) peaks at 18 months,
with ∼ 5 % of global land area having this average sepa-
ration time. Overall, ET from wet to dry takes longer than
ET from dry to wet. We also show the cumulative distribu-
tion functions (CDFs) of wet-to-dry and dry-to-wet ET time
intervals (Fig. 4b). For wet to dry 50 % of the ETs occur
within ∼ 27 months, whereas for dry to wet half of the
ETs are observed within 21 months. The two ET medians
are significantly different (p value 0.01, two-sided Mann–
Whitney–Wilcoxon test) (Mann and Whitney, 1947). The
spatial distribution of the natural logarithm (ln) of ET means
shows a homogeneous global pattern, without any major re-
gional anomalies (Fig. S1 in the Supplement). The only no-
ticeable large-scale feature is shorter dry-to-wet ET means
over northern Africa (Fig. S1b). Figure 4 also shows a few
ET> 150 months, and these very long lags between wet
(dry) and dry (wet) extremes occurred in different regions
across the globe, namely Canada, Brazil, central and south-
ern Africa, India, China, and Russia (Fig. S2). The reason
behind such long ETs, which appear to be very localized
(i.e. not clustered) events, may be due to precipitation biases
in the sc_PDSI_pm dataset or to local geographical charac-
teristics.
ETs from dry to dry and wet to wet were also computed
(Fig. S3). Dry-to-dry time intervals peak at 27 months, with
3.2 % of global land area taking this value, whereas wet-to-
wet time intervals peak at 30 months with 3.1 % of land area.
Half of all dry-to-dry ETs occurred within ∼ 37 months,
whereas half of wet-to-wet ETs happen in ∼ 36 months. A
two-sided Mann–Whitney–Wilcoxon test shows that the two
medians are significantly different (p value< 0.01) as per the
multi-hazards case.
3.5 Correlations with climate indices
In Fig. 5, we show global correlations between hydro-
logical extremes (wet and dry) and three of the major
modes of climate variability (Niño3.4, PDO, and AMO; see
Sect. 2.4). We also computed the same correlation tests for
the NAO (Barnston and Livezey, 1987), Pacific North Amer-
Figure 4. Extreme transition (ET) time intervals between extreme
wet to dry (blue) and between extreme dry to wet (red). (a) Per-
centage (%) of total land area impacted as a function of ET and
(b) cumulative distribution functions (CDFs). The vertical blue and
red lines mark the medians of the distributions. The two distribu-
tions show a statistically significant difference in their medians (p
value 0.01, Mann–Whitney–Wilcoxon test).
ican (PNA) pattern (Barnston and Livezey, 1987), and Quasi-
biennial Oscillation (QBO) (Baldwin et al., 2001). However,
these results had low statistical significance (Fig. S4). Gener-
ally, the correlations shown in Fig. 5 are consistent with the
concurrent wet–dry spatial patterns observed in Fig. 2.
ENSO is one of the modes with the most widespread
global impacts and is represented here by the Niño3.4 in-
dex (Fig. 5a). The positive phase of Niño3.4 (associated with
El Niño events) is negatively correlated (p value< 0.05)
with extreme wet sc_PDSI_pm values over parts of cen-
tral Canada, northern South America, southern Africa, India,
central China, central and northern Russia, Indonesia, and
eastern Australia. On the other hand, positive significant cor-
relations are found over the southern USA, in some isolated
regions of central and southern South America, and in the
Middle East. Such correlation patterns can be explained as
a positive Niño3.4 phase associated with wet extremes for
which correlations are positive and with dry extremes for
which correlations are negative (this also applies to the posi-
tive phase of the PDO and AMO discussed below). The per-
centage of total land area impacted by significant Niño3.4
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Figure 5. Correlations between monthly wet (sc_PDSI_pm≥ 3) and dry (sc_PDSI_pm≤−3) hydrological extremes and (a) Niño3.4,
(b) PDO, and (c) AMO. For panels (b) and (c) partial correlations are performed to remove the Niño3.4 signal. Correlations and partial
correlations make use of the Spearman’s correlation coefficient. Correlations significant at the 5 % level (p value< 0.05) are stippled. The
Bonferroni correction was applied to all p values.
correlations amounts to 18.1 %. These results agree with the
wet and dry patterns linked to ENSO and PDO reported by
Wang et al. (2014) for boreal winter (December–February).
Correlations for PDO (Fig. 5b, with the Niño3.4 sig-
nal removed) partly resemble the spatial patterns found for
Niño3.4. Here, negative correlations are also found in north-
western North America, equatorial Africa, and eastern Rus-
sia, although most significant correlations over Australia,
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China, and India vanish. Moreover, positive correlations are
found in the central–western USA, southern South America,
and Kazakhstan. The fact that Niño3.4 and PDO correlations
show similar spatial patterns (Fig. 5a and b) suggests that
when these two indices are in phase (i.e. El Niño–warm PDO
and La Niña–cold PDO), wet and dry extremes are ampli-
fied (Wang et al., 2014). The correlation patterns shown in
Fig. 5b also agree with season-ahead peak river flow correla-
tions with the PDO (Lee et al., 2018). The PDO significantly
impacts a smaller area (12 % of total global land) compared
to Niño3.4. Niño3.4 and PDO correlations also tend to re-
semble the WD ratio patterns (Fig. 3). For instance, we note
that both Niño3.4 and PDO show positive rank correlations
with the extreme sc_PDSI_pm over the southern and west-
ern USA (Fig. 5a and b), which are reflected by the predom-
inance of wet extremes (over dry extremes) in Fig. 3. Similar
patterns are also observed over south-eastern Brazil and Ar-
gentina. In addition, Fig. 5a and b show negative correlations
with wet extremes over central and eastern Russia, a pattern
matched by the predominance of dry extremes (over wet ex-
tremes) in Fig. 3. A similar coherence in patterns also applies
to eastern Australia and central–southern Africa.
The pattern of AMO correlations (Fig. 5c, with the
Niño3.4 signal removed) differs from the Niño3.4 and PDO
indices and returns more significant (p value< 0.05) grid
cells (2.5 % more overall) and impacted area (18.9 %) than
Niño3.4. For the AMO, negative and significant correlations
are found in Brazil, Argentina, Mexico, scattered areas in
North America, the Horn of Africa, and eastern China. Pos-
itive correlations are found in the Sahel region of Africa,
Russia, and central Asia. Our results are again in agreement
with global season-ahead correlations reported for peak river
flows and the AMO (Lee et al., 2018). We also computed 1-
and 2-month lagged correlations between wet and dry hydro-
logical extremes and Niño3.4, PDO, and AMO. The results
are qualitatively similar to Fig. 5 (Figs. S5 and S6).
4 Discussion and conclusions
Wet and dry extremes can coincide in time and/or space,
creating multi-hazard events that lead to significant socio-
economic losses. Geographically remote yet temporally
coincident extremes potentially impact stakeholders with
global assets and/or supply chains. For instance, knowledge
of recurrent patterns of coincident hydrological extremes
could be used to hedge losses in regional hydropower pro-
duction (Ng et al., 2017; Turner et al., 2017) and agricultural
yields (Leng and Hall, 2019; Xie et al., 2018; Zampieri et al.,
2017) or to manage crop planting dates (Sacks et al., 2010).
Rapid successions of extremes at the same location pose
challenges for disaster preparedness, event management, and
long-term risk reduction. Floods and droughts are also ex-
pected to become regionally more frequent and severe in
the future due to anthropogenic climate change (Arnell and
Gosling, 2016; Dai, 2011a, 2012; Hirabayashi et al., 2013;
Hirsch and Archfield, 2015; IPCC, 2012; Milly et al., 2002),
underscoring the importance of research on concurrent wet–
dry hydrological extremes.
We found that the land area affected by extreme dry and
geographically remote wet–dry events is increasing, with
statistically significant trends at both monthly and annual
timescales (Fig. 1). This matches the expectation that such
hazards are likely to increase in the future (Güneralp et al.,
2015; Hirabayashi et al., 2013) and is in agreement with pre-
vious studies (Dai, 2012; Dai et al., 2004). However, we ap-
plied a more stringent definition of extreme events (De Luca
et al., 2017) in order to capture well-known flood and drought
episodes. We further showed that these extremes can have
global-scale impacts, corresponding to documented flood-
ing and drought events, by detecting the most widespread
wet, dry, and wet–dry events (Fig. 2). As a limitation of our
study, we recognize that the coarse horizontal resolution of
the dataset used (sc_PDSI_pm at 2.5◦) may not sufficiently
represent small-scale processes such as localized convective
precipitation events.
We introduced two new metrics: the wet–dry (WD) ra-
tio (Figs. 3 and S1–S2) and the average time between ex-
treme transitions (ETs) for wet-to-dry and dry-to-wet ex-
tremes (Fig. 4). The former reveals the local frequency of
extreme wet relative to extreme dry observations. Areas ex-
periencing more wet than dry extremes were detected in the
USA, northern and southern South America, northern Eu-
rope and North Africa, western China, and most of Australia.
More dry than wet extremes were experienced in most of
the remaining areas. The ET metric estimates for every grid
cell the average time interval between opposing extremes
(i.e. transitions from wet to dry and from dry to wet). The
median time between wet-to-dry transitions is on average
slower than the one between dry to wet. Monitoring long-
term changes in ET intervals between wet-to-dry and dry-to-
wet hydrological extremes could provide valuable informa-
tion on loss accrual and socio-economic impacts.
To this end, it is important to identify possible climate
drivers of the observed hydrological extremes. In this study,
we computed correlations between wet–dry hydrological ex-
tremes and corresponding values of the Niño3.4, PDO, and
AMO indices (Figs. 5 and S5–S6). Our results confirm pre-
vious findings about the effect of ENSO, PDO, and AMO
on global flood hazard and global season-ahead correlations
with river peak flows (Emerton et al., 2017; Hodgkins et
al., 2017; Lee et al., 2018; Mallakpour and Villarini, 2015;
Tootle et al., 2005; Wang et al., 2014; Ward et al., 2010,
2014), while presenting a useful tool for interpreting the most
widespread wet–dry events and WD ratio and ET metrics.
PDO spatial correlations with hydrological extremes gener-
ally match those of Niño3.4, which supports the view that
when Niño3.4and PDO are in phase they amplify the global
wet and dry changes (Wang et al., 2014). Niño3.4 and PDO
correlations also tend to reflect the patterns found for the
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WD ratio. In other words, when Niño3.4 and PDO are in a
positive (negative) phase this leads to extreme wet and dry
conditions in some regions, and these wet–dry patterns also
occur in areas which have in the past respectively experi-
enced more wet–dry conditions. The AMO shows different,
and in some cases opposite, correlation patterns when com-
pared to Niño3.4 and the PDO. During the most widespread
wet, dry, and wet–dry hydrological extremes, the AMO was
weak, and indeed the geographical footprint of these events
does not closely match that of the AMO. Hence, we assert
that the most widespread wet and wet–dry (dry) hydrologi-
cal extreme events were driven by a La Niña (El Niño) event
coupled with a strong negative (positive) PDO phase. How-
ever, we note that modes of climate variability cannot en-
tirely explain the physical mechanisms driving these multi-
hazard events. Indeed, when selecting similar phase values
of the Niño3.4, PDO, and AMO indices occurring during the
most widespread events (Fig. 2), it is not possible to recover
similar events in terms of overall impacted areas (Figs. S7
and S8).
The analysis was conducted using the self-calibrated
monthly mean Palmer Drought Severity Index based on the
Penman–Monteith model (Dai, 2017; Sheffield et al., 2012).
Future research opportunities include using other indices,
such as the Standardized Precipitation Index (McKee et al.,
1993, 1995) or the Standardized Precipitation Evapotran-
spiration Index (Vicente-Serrano et al., 2010), to validate
our findings and to account for uncertainty in the observa-
tions of concurrent wet–dry extremes. Additionally, there is
scope to use more recently developed soil moisture metrics
emerging from the ESA Soil Moisture CCI Project (Gru-
ber et al., 2019) and the NASA Soil Moisture Active Pas-
sive (SMAP) mission (https://smap.jpl.nasa.gov/, last access:
6 March 2020). These datasets have finer spatio-temporal
resolution (such as daily at 0.25◦ for ESA CCI), thus possibly
providing more detailed information about local concurrent
wet–dry extremes. Unfortunately, these are not long enough
for trend analysis (e.g. NASA SMAP data begin in 2015).
Further work is needed to evaluate the seasonality of the ex-
tremes linked to the modes of climate variability investigated
in this work, but also to other ones, such as the Indian Ocean
Dipole (IOD) (Saji et al., 1999), which has recently been as-
sociated with concurrent floods and bushfires, respectively,
in eastern Africa and Australia (BBC, 2019). Similar anal-
yses could be applied to individual Köppen climate zones
(Rubel and Kottek, 2010) to discern possible regional varia-
tions in concurrent wet–dry extreme characteristics. Finally,
once baseline maps and data for hydrological multi-hazards
have been established from observations, the next step should
be to use climate model output to evaluate how global pat-
terns of concurrent wet–dry extremes might change in the
future.
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